The aquifer of the Oltrepò Pavese plain (northern Italy) is affected by paleo-saltwater intrusions that pose a contamination risk to water wells. The report first briefly describes how the presence of saline water can be predicted using geophysical investigations (electrical resistivity tomography or electromagnetic surveys) and a machine-learning tool specifically developed for the investigated area. Then, a probabilistic graphical model for addressing the risk of well contamination is presented. The model, a socalled 'influence diagram', allows researchers to compute the conditional probability that groundwater is unsuitable for use taking into account the results of the geophysical surveys, the predictions of the machine-learning software, the related uncertainties and the prior probability of contamination in different sectors of the plain. The model, in addition, allows for calculation and comparison of the expected utility of alternative decisions (drilling or not drilling the well, or using another water source). The model is designed for use in ordinary decision situations and, although conceived for a specific area, provides an example that may be adapted to other cases. Some adaptations and generalizations of the model are also discussed.
Introduction
A large number of water wells all over the world are drilled into aquifers polluted by natural or anthropogenic contaminants that pose health and economic risks to water users. Frequently the concentration of these contaminants changes significantly from place to place and even between nearby wells, which is often the case, for instance, for arsenic, volatile organic compounds and nitrates. In these rather common situations several factors may be considered before deciding to drill a new well such as the local level of pollution and the associated uncertainty, as well as the costs and benefits of alternatives such as changing the planned location of the well or using another source of water. Decision making in such a setting is a challenging task that can be appropriately addressed using a probabilistic approach. In this context, a useful input to the decision making process may be provided by influence diagrams (IDs), which are probabilistic graphical models of a decision situation that allow one to formulate and solve both probabilistic inference and decision making problems (section 'An influence diagram for managing the risk of well contamination in the Oltrepò Pavese plain').
Discussions and examples concerning the application of IDs to groundwater problems are given, for instance, in Apostolakis and Bell (1995) , Henriksen et al. (2007) , Strimling (2008) , Tartakovsky (Tartakosvky 2013 ; which places IDs in the wider context of the assessment and management of risk in subsurface hydrology), Mohajerani et al. (2017) and Eidsvik et al. (2015) . For the application of IDs in risk analysis, among the vast bibliography, see for example the books of Ricci (2006) and Cox (2015) and the references therein.
The presented ID was developed as a tool to help manage the risk of well water contamination due to the intrusion of paleosaltwater in the aquifer of the Oltrepò Pavese plain (northern Italy). The model allows one to: (1) compute the conditional probability that at the site of a planned well the quality of groundwater renders it unsuitable for use, taking into account multiple and possibly conflicting pieces of information about the presence of saline contamination and the related uncertainty; (2) calculate and compare the expected utility of alternative decisions (drilling or not drilling the well or using another source of water).
The Oltrepò plain presents many of the problems commonly associated with the pollution of groundwater resources in other areas. First, the aquifer that underlies the plain is an important water resource, exploited by hundreds of wells. Secondly, the pollution of groundwater often precludes its use, leads to the abandonment of wells and has other adverse consequences (most notably damage to plantations inadvertently irrigated with highly saline water). Finally, the contamination affects a wide portion of the territory and is distributed rather erratically, so there is a relevant uncertainty about the quality of groundwater at a given site. Also because of this, the ID described in this report represents an example that may be adapted to other situations (section 'Model adaptations and alternatives').
The report, first, provides some background information about the Oltrepò Pavese plain and describes the methods for predicting the contamination of wells in the investigated area and the related uncertainties. Then, influence diagrams are briefly introduced, the decision model developed for the Oltrepò plain is described, and two examples of its outputs are illustrated. The concept of Value of Information is then presented together with some numerical examples. Some adaptations, generalizations and alternatives to the model are illustrated and, finally, discussion and conclusions are given.
Site description
The Oltrepò Pavese alluvial plain ( Fig. 1 ) is a sector of the Po plain, in northern Italy, bordered to the north by the Po River and to the south by the Apennines foothills. The Oltrepò plain aquifer is hosted by Quaternary alluvial deposits (gravels and sands) which overlie a Miocene-Pliocene marine aquitard (sandy-marls, sandstones, conglomerates, gypsiferous and calcareous-marls, shales and clays, see Brambilla 1992 and Pellegrini and Vercesi 1995) .
The thickness of the aquifer ( Fig. 1 ) ranges from less than 10 m in its southeastern sector to over 100 m in the northwestern sector, where the depth of the Tertiary substratum rapidly increases (Braga and Cerro 1988; Regione Lombardia and ENI Divisione AGIP 2002; AGIP 1994) . These sectors are delimited by a tectonic discontinuity, known in the literature as the BVogherese Fault^ (Boni 1967) .
The aquifer of the Oltrepò Pavese plain is overlain by clayeysilty deposits ( Fig. 1 ) with a thickness ranging from more than 10-15 m near the Apennine margin to 2 m in the meander zone of the Po River (Pilla et al. 2007 ). These deposits greatly reduce infiltration and the aquifer recharge takes place mainly along the Apennine margin on the alluvial fans of the major rivers, where the sediments are coarser and the clayey-silty coating is lacking.
The Oltrepò Pavese aquifer is polluted by highly saline paleowaters with a Na-Cl hydrochemical facies that uprises from the Tertiary aquitard, which contains the highly concentrated remnants (brines) of marine waters evaporated in the late Messinian, often found trapped at the bottom of the Po plain aquifers (Pilla et al. 2007 Bersan et al. 2010; Conti et al. 2000; Regione Lombardia and ENI Divisione AGIP 2002) .
This natural contamination may render groundwater unsuitable for drinking and irrigation and it is particularly pronounced along a belt that includes the Vogherese Fault and secondary discontinuities (faults or fractures). In these areas the Pilla et al. 2010) concentration of chloride in the aquifer water, which is the main indicator of contamination, ranges from a few hundreds to more than 10,000 mg/L (Fig. 2) .
The saline waters form several plumes that intrude the alluvial aquifer, mix with the fresh groundwater and may approach the surface. Although a diffusion zone some meters thick may surround the plumes, these latter remain rather localized and contamination does not extend significantly to downgradient areas, as indicated by the results of electromagnetic surveys (Fig. 3) and the fact that uncontaminated wells may be very close to contaminated ones (few tens of meters) along the direction of groundwater flow. At the small scale, the distribution of contamination is rather erratic and the concentration of chloride may change markedly over short distances. For more details about the hydrogeology of the Oltrepò plain the reader is referred to Torrese et al. (2009 , Pilla et al. (2010) , Torrese and Pilla (2015) , Pilla et al. (2015) , Torrese and Pilla (2016) and Cameron et al. (2018) .
This study makes use of the same well dataset considered in Cameron et al. (2018) that includes 226 wells for which chloride concentrations data are available. The measured concentrations allow for identifying two groups of wells: (1) wells unsuitable for drinking water supply; (2) wells unsuitable for irrigation.
Group 1 includes the wells in which the chloride concentration exceeds the limit for drinking water, 250 mg/L, set by the existing Italian regulation. As a precaution, wells with a concentration close to 250 mg/L were also included in group 1 (Fig. 4a) . Group 2 (Fig. 4b) includes those wells in which the concentration of chloride exceeds the limit of 500 mg/L that was set for irrigation water (these wells, then, also belong to group 1). For the purposes of this work, a well is classified (labeled) as uncontaminated if the quality of its water is suitable for use, and as contaminated otherwise. Industrial wells (≈ 7% of the total number of wells) are not considered here because different industries have, generally, different water quality requirements, so each case must be treated separately. Cameron et al. (2018) subdivide the Oltrepò Pavese plain into three sectors (Fig. 4a,b) . In the north-western sector (NW) there are no contaminated wells and, according to the limited available information, the depths to the Tertiary aquitard are comparatively high (100 m or more). The most likely explanation here, for the absence of contaminated wells, is that the saline plumes originating from the aquitard cannot reach the wells since the aquitard itself is too deep compared to the wells' depths.
In the eastern sector (E) there are few contaminated wells, with respect to the chloride limit for drinking water, and the Tertiary aquitard is found at shallow depths (at most a few tens of meters). Finally, the central sector (C) mainly stretches along the presumed trace of the Vogherese Fault, it includes most of the contaminated wells, with respect to the chloride limit for both drinking and irrigation water, and the depths to the Tertiary aquitard are intermediate between those of the adjacent sectors.
In the NW sector the influence diagram presented in this report always suggests drilling a well, so it is of little value; hence, only the more complex C and E sectors, with a total of 155 wells, are considered in what follows (compare, also, with Cameron et al. 2018) . Pilla et al. 2015) . The circled points are wells where electrical conductivity (EC) and temperature logs (T) were performed Fig. 3 An electrical resistivity tomography (ERT) pseudo-section and its interpretation (redrawn from Bersan 2012) Predicting contamination in the Oltrepò Pavese plain
The ID described in this report allows for computing the conditional probability that the quality of groundwater is unsuitable for use, taking into account multiple and possibly conflicting pieces of information. This section specifies what pieces of information are considered and the related uncertainty.
A first method that allows for inferring the quality of groundwater at the site of a future well is to use electric or electromagnetic surveys. Pilla et al. (2010 Pilla et al. ( , 2015 and Bersan et al. (2010) demonstrated that the resistivity anomalies originated by the presence of saline water can be detected using electrical resistivity tomography (ERT) or small loop systems (SLS). These latter are based on small transmitter and receiver coils separated by a constant spacing and moved along a survey transect, or connected by wires that permit several different separations and configurations (e.g. Reynolds 2011) .
ERT and SLS surveys are not immune to detection, measurement and interpretation problems. In particular: (1) the measurements and the related interpretation are affected by different kinds of errors that, also, depend on the investigated depth (e.g. Zhou and Dahlin 2003; Friedel 2003; Hermans and Irving 2017 and the bibliography therein); (2) a low resistivity may be related to the lithology of the aquifer medium (in particular to the presence of clays) and not to the presence of saline water; (3) the relationship between the resistivity of the aquifer and the actual chloride concentration in groundwater is approximate.
The results of the surveys, thus, generally do not allow one to conclude with certainty whether or not the quality of groundwater at an investigated site is suitable for use. Therefore, the relationship between the aforesaid results and Fig. 4 Contaminated wells where: a the chloride limit for drinking water is exceeded; b the chloride limit for irrigation water is exceed. The partitioning of the Oltrepò plain into three sectors is also shown (redrawn from Cameron et al. 2018) the occurrence of contamination was modeled probabilistically as explained in what follows.
Consider, first, a planned well with depth l. It is assumed here that l ≤ 30 m, the most common situation in the Oltrepò plain. Suppose, now, that the resistivity along the well profile diminishes below a certain depth l', possibly because a saline plume is encountered (compare with Fig. 3 and Cameron et al. 2018, Fig. 4b ). Let Ω be the average resistivity between l' and l. It is reasonable to assume that the lower Ω is, the higher the probability is that a plume is present and hence that groundwater is unsuitable for use. This probability is given in Tables 1 and 2 and justification for its values is provided in the following.
The probabilities in Tables 1 and 2 are expert probabilities assigned (with the associated values of Ω ) after several rounds of feedback between one of the authors and another expert in applying geophysical methods for detecting saline contamination in the Oltrepò Pavese plain.
First, the probability that groundwater is unsuitable for use was assigned for the cases when Ω > 10 Ωm (or the resistivity does not diminish below a certain depth) and when Ω < 6 Ωm. The values 5, 10, 85, 90 and 95% can be interpreted, respectively, as Bvirtually impossible^, Bvery unlikely^, Bvery likely^, Bvery (most) likely^, Bvirtually certain^(e.g. Vick 2002 ). Hence, for example, if an ERT shows that resistivity reduces in the final part of a well profile to an average value below 6 Ωm, then the extracted groundwater will very likely be too saline for drinking (because of the presence of a saline plume), although this is not certain since the resistivity may also diminish because of the presence of clayey layers.
Second, the probabilities for 8 ≤ Ω ≤ 10 Ωm and 6 ≤ Ω < 8 Ωm were assigned by considering a linear increase between the values for Ω > 10 Ωm and Ω < 6 Ωm.
The probability that groundwater is unsuitable for use, given the same Ω range, is higher for drinking water than for irrigation water because the acceptable chloride concentration is lower in the first case, and higher for the SLS investigation than for the ERT investigation because the former is less reliable.
Finally, the probability that groundwater is suitable for use is 1 minus the probability that groundwater is unsuitable for use. Tables 1 and 2 contain the probabilities that groundwater is unsuitable/suitable for use conditioned on Ω, but the influence diagram described in this report makes use of the probabilities of Ω conditioned on the fact that groundwater is unsuitable/ suitable for use. These probabilities were obtained by means of Bayes' theorem, assuming that, prior to a geophysical investigation, each value of Ω is equally likely to occur. The results are shown in Tables 3 and 4 .
In future, with the availability of more geophysical data, it will be possible to estimate objectively the probability of contamination from the results of geophysical surveys. An interesting approach, in this respect, is that of Hermans and Irving (2017) who apply a Bayesian framework to the discrimination of hydrofacies using ERT investigations. In particular, ERT images are interpreted in terms of the probability of belonging to pre-defined hydrofacies and the method allows for accounting for the loss of sensitivity of ERT data with depth.
A further method for predicting contamination in the Oltrepò Pavese plain is that of Cameron et al. (2018) which makes use of classification algorithms based on spatial interpolation or machine learning for predicting the contamination of wells (for machinelearning classification see e.g. Pang-Ning et al. 2006) . The inputs of these algorithms are the coordinates of existing wells and, either, the chloride concentrations or a contamination indicator assigned to the wells (1 if a well is contaminated and 0 otherwise) or, only with machine-learning methods, the wells' labels (contaminated or uncontaminated). The output is the label of the well for which the prediction is performed. 8 ≤Ω ≤ 10 Ωm 40% 60%
The predictive performances of the algorithms were assessed using the dataset mentioned in section 'Site description' and a 10-fold cross-validation procedure which consists of: (1) dividing the dataset into ten equal sized subsets (the folds); (2) using nine subsets for prediction and the remaining one for testing the prediction by comparing the predicted and actual labels of the wells in this set; (3) repeating the process ten times using each time a different subset for testing. Finally, the algorithm with the best predictive performance, named K * C , was selected; the reader is referred to Cameron et al. (2018) for details. What is important here is that each well for which the prediction is made will fall into only one of the following categories: The total number of contaminated wells is N c = TP + FN and the probability that a contaminated well is correctly labeled as contaminated by the K * C algorithm is estimated by the ratio R 1 = TP/N c . Similarly, the total number of uncontaminated wells is N u = TN + FP and the probability that an uncontaminated well is correctly labeled as uncontaminated by K * C is estimated by the ratio R 2 = TN/N u . These ratios, averaged over ten rounds of 10-fold cross-validation, are given in Table 5 .
From Table 5 , for instance, it can be concluded that, if an irrigation well is contaminated, there is a 79% probability that K * C will correctly label this well as contaminated, while if an irrigation well is uncontaminated there is a 87% probability that K * C will correctly label this well as uncontaminated. These probability estimates were used to set up the node Kc prediction of the influence diagram described in section 'An influence diagram for managing the risk of well contamination in the Oltrepò Pavese plain'.
Aside from the ERT/SLS surveys and the K * C algorithm, no other means for predicting the quality of groundwater was considered in this work. Indeed: -Other types of surveys or groundwater sampling borings made before drilling a well are rarely used; -Sampling groundwater from wells near the site of a future well is also a seldom used procedure, also because of the difficulties in obtaining access permissions to private wells; new data about the presence or absence of contamination in wells, however, can be added to the dataset used by K * C for prediction; -A simulation model of the aquifer and its complex pollution process is currently not available (Cameron et al. 2018 ).
Lastly, it needs to be considered that the frequency of contaminated wells, and hence the a priori likelihood of contamination, is very different in different sectors of the Oltrepò plain (Fig. 4) . It is perfectly legitimate to use this information in the influence diagram described as follows, which computes the probability of contamination of a well in a given sector taking into account, also, the prior probability of contamination estimated by the aforesaid frequency.
An influence diagram for managing the risk of well contamination in the Oltrepò Pavese plain
An influence diagram (ID) is a probabilistic graphical model for reasoning about decision making under uncertainty (Jensen and Nielsen 2007 ). An ID is a network that consists of chance variables, decision variables and utility variables connected by directed edges that do not form cycles. Two types of edges can be identified (Schachter 1986 ): conditional arcs (into chance and utility variables) and informational arcs (into decision variables).
Each chance variable has a finite set of mutually exclusive states. A conditional probability table P(Y| X 1 , ..., X n ) is attached to each variable Y with parents X 1 , ..., X n (i.e. variables linked to Y by conditional arcs X i → Y) and specifies the probability of each state of Y conditionally on the states of X 1 , ..., X n . If Y has no parents, the table specifies the prior probability distribution over the states of Y.
Decision variables represent actions that are under the full control of the decision maker. An informational arc X → D from the chance variable X into the decision variable D indicates that the state of X is assumed to be known before choosing amongst the possible alternatives for D. If X is a decision variable then the arc indicates that decision X precedes decision D and that the alternative selected for X is remembered when choosing an alternative for D.
Utility variables allow for computing utility values measured on a common scale. The utility computed for a utility variable U depend on the states of the chance variables connected to U and their probability and on the alternative selected for the decision variables connected to U. Utility nodes have no outgoing arcs.
When the observed state of a chance variable is input into the diagram, or a decision is made, the probabilities of the chance variables are updated and the utilities are recalculated (e.g. Jensen and Nielsen 2007, chaps. 4, 9 and 10) .The ID developed during this research is shown in Fig. 5 and was implemented using the BayesFusion LLC Genie 2.2 software.
Influence diagram structure
Each node of the influence diagram is described in the following. The nodes states are written in curly brackets after the node names. 
Chance nodes
& Sector {C, E}. The conditional arc Sector → Groundwater quality indicates that the (prior) probability that a well is contaminated depends on the sector. The node conditional probability table (CPT) contains the estimated prior probability that a well belongs to a particular sector, given by the ratio between the number of wells in that sector and the overall number of wells, calculated using the entire water well database of the Province of Pavia. The sector of a well is always known, so the proper evidence (C or E) can be entered for this node. & Groundwater quality {Suitable, Unsuitable}. Suitable means that the concentration of chloride in a well does not exceed the tolerable limit for a given use, otherwise Groundwater quality = Unsuitable. The (prior) probabilities in the node CPT are estimates given by the ratios between the number of contaminated or uncontaminated wells and the total number of wells for each sector and each use of groundwater. In sector E, the chloride concentration limit for the agricultural use of groundwater is never exceeded, but it would be excessive to conclude that this eventuality is impossible. Since such a limit is approached in two wells (3.5%) the prior probability of contamination when Use of water = Irrigation and Sector = E was arbitrarily set to 3%. C algorithm contribute independently to the probability that the groundwater is suitable or unsuitable for use (in particular, the variables Kc prediction and Investigation result are conditionally independent given Groundwater quality).
Utility nodes
& Investigation cost. The table of this node contains the cost (negative utility) of each type of geophysical survey, which is $600 for the SLS investigation and $1,200 for the ERT investigation. The cost is zero if Field investigation? = No. & Utility. The entries of this node's table vary according to the specific problem. It was not possible to find (or to access) data ready to be used, so the utilities were estimated using information coming from interviews, reports and price lists. The estimation of utilities can be a very complex task that involves the characterization of preferences, the assessment of the willingness to pay, profits projections, discounting calculations and so forth. In order to exemplify the functioning of the diagram, however, some simplifying hypotheses that allow avoiding unnecessary technicalities are introduced. Each user of the model may enter its own (suitably calculated) utilities. Two cases were considered: a single irrigation well, sufficient for irrigating 10 ha of a corn plantation, and a single domestic water well. In both cases it was assumed that: (1) the utilities correspond to net monetary profits or costs/ losses; (2) boring the well costs $4,400 (including technical expenditures); (3) a finished wells costs $9,500; (4) the quality of groundwater can be determined immediately after drilling and the boring is filled and abandoned if the water is unsuitable for use; the cost of these operations is assumed negligible; (5) the reference period for the calculation of the utilities is 20 years and during this period the net profits remain stable (this is, of course, a strongly simplifying hypothesis); (6) the discount rate used for calculating the present value of the future net profits flow is 4%.
With these premises, the utilities can be calculated as follows:
For a single irrigation well It is assumed that irrigation increases the crop yield with a net profit increment, after taxes, of about $150/ha. For an area of 10 ha, then, the present value of the net profits flow with irrigation is ≈ $21,000. The utility U of drilling the well, if the latter is not contaminated, is U = 21,000-9,500 = 11,500 and abandoning the boring implies a loss of $4,400 (so U = −4,400). Finally if the farmer chooses not to drill there is no increase in the net profit and no loss, hence U = 0. In the Oltrepò Pavese plain irrigation water comes almost exclusively from wells, so a very large negative utility (−10 6 ) was assigned to the option Alternative supply when Use of water? = Irrigation. A theoretical rational agent, then, would never choose this option, since the others will always have incomparably higher utilities.
For a single domestic water well The utilities are calculated assuming that: (1) the utility of water is about $10/m 3 , estimated for simplicity as the maximum price paid in Italy for domestic water (when the latter is distributed by tankers of private companies); (2) the water consumption is 200 m 3 /year (the average figure for an Italian family) so the yearly utility is $10/m 3 ⋅ 200 m 3 = $2,000; (3) the Alternative supply option of the Decision node corresponds to connecting to a water main with a connection cost of $12,200. With these premises the present utility of water is ≈ $31,500 and the net utility of the well is U = 31,500 -9,500 = 22,000 if there is no contamination, otherwise the boring is abandoned with a loss of $4,400 (so U = −4,400). Connecting to the water main has a net utility U = 31,500 -12,200 = 19,300, and doing nothing, in this case, means losing the entire utility of water, so U = −31,500.
The calculated probabilities and utilities can be obtained by querying the nodes of the ID, and can also be viewed by displaying the nodes as bar charts (Fig. 6 ).
Using the influence diagram: two examples
Let it be supposed that a farmer wants to construct an irrigation well at the location indicated by the orange cross in Fig. 7 , in sector C of the Oltrepò plain. The K * C algorithm predicts that the well will turn out to be contaminated (this is actually a correct prediction since there is a contaminated well at the location of Fig. 7 , but of course it is assumed here that the well has yet to be drilled). After entering the input Use of water? = Irrigation, Obtain Kc prediction? = Yes, Field investigation? = No, Sector = C and Classifier prediction = Contaminated, the posterior probability that groundwater is unsuitable for use jumps to 72% from a prior of 31%, while the expected utility is slightly negative (loss). The farmer, then, may choose to change the location of the planned well and repeat the analysis. Now let the situation of Fig. 8 be considered. The K * C algorithm predicts again that the well will turn out to be contaminated (this is actually a false positive case). Suppose, now, that the farmer decides to carry out an ERT survey which shows that the resistivity decreases in the final part of the well profile, but on average remains above 10 Ωm. The additional input Field investigation = ERT and Investigation result? = Above10 must then be entered into the ID, which smoothly handles the conflict between the prediction of K * C and the result of the ERT investigation and updates to 16% the probability that groundwater is unsuitable for use and to $7,794 the expected utility of drilling, once the cost of the ERT investigation ($1,200) is taken into account.
If n wells are considered, the diagram provides n expected utilities that may be used within more complex cost/benefit analyses. Let us now consider a situation where it must be decided whether to use a well or a water main for supplying drinking water to a house. The second option represents the Alternative supply choice of the Decision? node.
The well, or the termination of a pipe connection to the water main, can be placed at the location indicated with the orange cross in Fig. 9 . The water main runs about 200 m southward (along the small road visible on the map) and the cost of a connection pipe of this length is approximately $12,200, the figure given in the preceding section.
According to the K * C algorithm, a well at the location indicated in Fig. 9 will not be contaminated. This prediction is rather reliable, because the probability of a false negative error by K * C is 18% (this probability is estimated by the quantity 1 -TN/ (TN + FN) and was calculated during the performance tests of the algorithm). Connecting to the water main, also, costs $2,700 more than drilling a well, so using the latter definitely appears to be the best option. The influence diagram, though, leads to the opposite conclusion, since the expected utility of drilling is ≈ $14,837 while the utility of using the water main is $19,300.
The expected utility of a well is reduced by the fact that the probability of contamination is not negligible (27%). This result is influenced by the probability of contamination in sector C and the estimated error rates of the K * C algorithm. In sector C, half of the wells are unsuitable for drinking water supply and, in order to simplify the discussion, let 500 contaminated wells and 500 uncontaminated ones be considered. K * C is expected to: (1) predict correctly that 380 of the uncontaminated wells (76%) are suitable for drinking water supply (ratio R 2 in Table 5 ); (2) predict incorrectly that about 142 of the contaminated wells (28%) are not contaminated (ratio 1 -R 1 ).
Hence, out of 380 + 142 = 522 wells which, according to K * C , can be used for drinking water supply, 142 are actually contaminated, so when K * C predicts no contamination the actual probability of contamination is 142/522 ≈ 27%.
The utility U of drilling a well takes into account the probability of Bearning^$22,000, but also that of losing $4,400 because of contamination. It is, then, U = 0.73 ⋅ 22,000-0.27 ⋅ 4400 ≈ $14,870 < $19,300, the latter figure being the utility of using the water main.
Suppose, now, that an SLS survey reveals no evidence of contamination, thus corroborating the prediction of K * C . In this case, the probability of contamination drops to ≈ 5% and the utility of drilling the well, about $19,980, exceeds that of using the water main.
Finally, let a situation similar to that of Fig. 9 in sector E of the Oltrepò plain be considered. Here the prior probability of contamination for drinking water wells is low (≈ 16%) and when K * C predicts no contamination the posterior probability is only 7%. Drilling a well, then, is from the beginning the option with the highest expected utility.
Is it worth it?
Influence diagrams allow one to calculate the so-called expected value of information (VOI) which is the expected value of Fig. 6 Detail of the ID with three nodes displayed as bar charts showing probabilities and utilities. Drilling the well is the decision with the highest utility ($14,837). Here it is assumed that no survey is performed, otherways the survey cost would be automatically subtracted from the values in the Utility node for obtaining the Decision? node utilities Fig. 7 Planned location of an irrigation well (on a survey map of original scale 1:20,000) at C.na Montagna observing the state of a node before making a decision. For the definition of VOI and the formula for calculating it, the reader is referred, for instance, to Jensen and Nielsen (2007) and, for a wider perspective, to Eidsvik et al. (2015) .
The VOI for chance node X and decision node D, basically, is the expected difference between the expected utility of the optimal decision if: (1) the state of variable X is determined; (2) the state of X is not determined. The difference is expected because it is not known a priori what state of X will be observed. If, for decision D, the VOI of X is equal to v > 0 then knowing the state of X is expected to improve the expected value of D by v. If v = 0 then knowing the state of X has no impact on D. It can be proven that a negative VOI is impossible, the intuition being that obtaining more information cannot negatively affect decision making.
In order to better clarify what the VOI is, let an irrigation well in sector C of the Oltrepò Pavese plain be considered. Let it be assumed, moreover, that K * C predicts contamination and that no geophysical investigation is performed. In this case, the optimal decision, with an utility of $0, is not to drill the well. Suppose, now, that an ERT investigation is performed; the possible results, their probability and the resulting optimal decision with the associated utility can be obtained through the ID and are shown in Table 6 .
The expected utility of observing the state of the node Investigation result, then, is 0.14 ⋅ 8894 + 0.21 ⋅ 2126 + 0.28 ⋅ 0 + 0.37 ⋅ 0 ≈ 1692. This is also the expected utility increment, i.e. the VOI, of performing an ERT survey, since without this latter the optimal decision has an utility of 0. This VOI justifies the ERT investigation, since it costs less than $1,692. The SLS investigation has a similar VOI.
AVOI analysis for the ID of Fig. 5 and the Decision? node allows one to draw a number of conclusions, among which:
-For the cases shown in Figs. 7 and 8 , the VOI of obtaining the prediction of the K * C algorithm is slightly positive, while the VOI of a geophysical survey (≈ $1,692) is higher than its cost only if the survey is used in conjunction with K * C and this latter predicts contamination (this is the case considered in the preceding).
-For the case shown in Fig. 9 , even combining the prediction of K * C with the result of a geophysical survey has a VOI that never justifies the survey cost. This would not be true if connecting to the water main had a higher cost (for instance $16,000). However, if a geophysical investigation is performed and no evidence of contamination is found (Investigation result = Above10) then it's definitely worth it (VOI > $800 against a null cost) to see if K * C supports this conclusion.
-For a case similar to that of Fig. 7 , but in sector E, obtaining the prediction of K * C or performing a geophysical survey, or both, has no VOI because the prior probability of contamination is very low. For a case similar to that of Fig. 9 , but in sector E, the VOI of obtaining the prediction of K * C or performing a SLS survey, or both, is significant and justifies the survey cost. Figure 10 shows a simplified and generic ID for the management of well contamination risk, that captures the essence of the decision model discussed in the preceding sections. Because every decision situation is specific, the aim, here, is not to provide ready-to-use models, but only to sketch some generic ID portions that might be pertinent in different contexts.
Model adaptations and alternatives
In the ID of Fig. 5 the nodes Kc prediction and Investigation result represent tests that allow one to infer, although not with certainty, the quality of groundwater at a given site. Similarly, in the ID of Fig. 10 one can decide to perform a test (decision node Test?) in order to infer the quality of groundwater at a location of interest (chance node Groundwater quality). The test has a cost (utility node Cost) which is 0 if the test is not performed. Once the result of the test is known (chance node Test result) an action can be selected (decision node Action). The expected utility of using groundwater (utility node Pay) depends on the selected action and on the probability of each level of water quality, while the expected utility of each action is Pay -Cost. The states of the node Groundwater quality may simply be {Unsuitable, Suitable} or may form a scale of quality levels. Possible states of the Action node may be {Drill, Do nothing, Treat water, Use another source of water}.
Performing a test, here, means collecting a piece of evidence that allows one to infer, with some uncertainty, the quality of groundwater at a site of interest. This includes, for instance, reading on a map (or estimating) the local concentration of a given chemical when this information does not allow a certain determination of the water quality.
Building an ID like that of Fig. 10 involves defining the relationship between the result of a test and the quality of groundwater. In this work, this was done using cross-validation for the link Groundwater quality → Kc prediction and expert probabilities for the link Groundwater quality → Investigation result. Defining this relationship, of course, may not be easy, but on the other hand it may be argued that most data are uncertain to some extent and that this uncertainty should be explicitly represented in risk models whenever possible.
Different methods allow estimating the probability that the concentration of a contaminant in groundwater exceeds a given threshold (see, for instance, Hassaf and Saadeh 2009 , Dash et al. 2010 or Woodard et al. 2010 ) and this information may be used to define the conditional probability table of the Groundwater quality node and may avoid the need for a test node-for example, let a Groundwater quality node with states {Unsuitable, Suitable} and a limit concentration of nitrate for drinking water l = 50 mg/L be considered. If it is estimated that the concentration C of nitrate in groundwater, at a given location, has a probability P(C > l) = 30% of Fig. 9 Planned location of a drinking water well (on a survey map of original scale1:20,000) at Barbianello exceeding l then one may directly set P(Groundwater quality-= Unsuitable) = 0.3 and P(Groundwater quality = Suitable) = 0.7. In this case the ID of Fig. 10 reduces to a model with only three nodes: Groundwater quality, Action and Pay. This, of course, can be only a portion of a bigger ID where, for instance, the Pay node is connected to other chance and decision nodes. If the quality of groundwater depends on the level of two or more variables such as the concentrations of different chemicals, it is often the case that groundwater is unsuitable for use when any one of the levels exceeds a tolerable limit. If P(V i > l i ) is the probability that the level of the i-th variable exceeds the limit l i then the probability that the quality of groundwater is unsuitable for use should be the highest among the P(V i > l i ) values. This result can be obtained using appropriate OR-type nodes (e.g. Jensen and Nielsen 2007; Heckerman and Breese 1996) but the subnetwork of Fig. 11 may also be proposed.
In Fig. 11 , the states of the nodes Groundwater quality (variable i) are {Unsuitable, Suitable} or the like, and their probability is the probability that the quality of groundwater is unsuitable or suitable for use because of the level of the i-th variable. The utility nodes Pay 1, …, Pay n and the Action node correspond, respectively, to the Pay and Action nodes of Fig. 10 . The nodes Pay 1, …, Pay n may be equal, meaning that the utility deriving from the use of groundwater does not depend on the particular variable, for instance because only the final overall judgment about water quality is of concern. In Fig. 11 , also, it is assumed that the same action alternatives apply to all cases, otherwise appropriate nodes must be introduced. The final utility is computed, in the node Pay, as the minimum of the utilities Pay 1, …, Pay n (in Genie 2.2 this can be done using a Bmulti attribute utility^node). Appropriate test nodes, also, can be connected to the groundwater quality nodes.
Prior information about the quality of groundwater may be introduced in the IDs not only through the probability tables of the water quality nodes, but also through additional nodes attached to the former, as in the ID of Fig. 5 . Simple IDs may be repeatedly applied for obtaining a number of expected utilities that can be used within more complex decisionmaking processes. What is more, continuous variables may be used in influence diagrams, provided adequate attention is paid to the relevant theoretical and implementation issues (e. g. Kjaerulff and Madsen 2013; Bielza et al. 2011) .
The decision situation represented with the ID of Fig. 5 can also be modeled using a decision tree (DT). A DT describes and visualizes sequential decision problems under uncertainty using a tree-like directed graph. In a sequential decision problem, an agent makes a sequence the associated payoff (utility). Chance nodes represent chance variables and also have outgoing branches. Each branch corresponds to a value that a variable can take and is associated with the respective probability and with a payoff. In a DT it must always be possible to observe the value of a chance variable, so a node like Groundwater quality in Fig. 5 cannot be included in the model. Terminal nodes, finally, have only incoming branches and allow for calculating the payoff resulting from the decisions and the chance outcomes along the path leading to each node. For the theory and application of decision trees in decision making and risk analysis see, for example, Haimes (2016) and the bibliography therein. Figure 12 shows a portion of a DT equivalent to the influence diagram of Fig. 5 , for sector C of the Oltrepò plain, an irrigation well and the possible results of an ERT survey (the same situation considered in section 'Is it worth it?'). The tree is implemented with SilverDecision, a free and open source decision tree software developed at the Decision Support Analysis Division of the Warsaw School of Economics.
The advantages and disadvantages of using ID and DT have been compared in various publications (e. g. Shenoy 1994; Terek 2005) . Terek (2005) argues that the ID representation is easier to communicate and good for displaying the structure of a decision situation, while DTs unfold the detail of this latter. At the same time, however, as the decision problem becomes more complicated the complexity of DTs tends to grow faster than that of IDs. In this work, the ID representation was chosen precisely because the resulting model is more compact and easier to communicate than the equivalent DT (which has nearly 300 nodes).
Finally, an alternative to the Bdiscrete^approach used in Cameron et al. (2018) and in this research (whereby the Oltrepò Pavese plain is subdivided into sectors and single wells are classified by K * C as contaminated or uncontaminated) would be to use a Bcontinuous^approach, where, at each point, a probability of contamination is estimated and some utility function to be maximized is defined.
Discussion and conclusion
Influence diagrams provide a valuable support for risk decision making because of their capacity of integrating complex probabilistic inferences with the representation of decisions and the computation of utilities. Even ordinary water users may have to consider many factors and alternatives before deciding to drill a well into a contaminated aquifer, and influence diagrams can prove useful for decision making even in this common situation.
In particular, this report described an ID for managing the risk associated to the contamination of wells in the Oltrepò Pavese plain, and discussed some adaptations and generalizations of the model. The presented ID:
-Allows for integrating into a unique framework different and possibly conflicting pieces of evidence and prior expectations about the occurrence of contamination, the related uncertainties and the expected gains and losses of different decisions -Allows one to rank decisions according to their expected utility and can be used within comprehensive decisionmaking processes -Enables VOI calculations -Provides site-specific results and can be adapted to the situation of each user through the Utility node -Provides a clear and compact decision model that facilitates further analyses and developments -Is reasonably simple and is designed to be used in a common decision situation Some words of caution taken from Kingston et al. (2008) apply here. Models based on influence diagrams are only as accurate as the specification of the relationship between variables and the probability distributions appearing in the CPTs. Also, although an advantage of these models is the ability to incorporate expert knowledge if many of the probabilities in the network are characterized using this information, much of the value gained by using influence diagrams to represent and analyze a system may be negated. When empirical data are unavailable, influence diagrams may provide only an educated guess (ibid.).
In the model described in this report, the CPT of the node Kc prediction derives from measuring the performance of the K * C algorithm on about one third of the wells in sectors C and E of the Oltrepò Pavese plain. The CPT of the node Investigation result, also contains experts' probabilities estimated on the basis of a limited number of applications of geophysical methods to the detection of saline pollution. This means that although the results provided by the model are based on the best current information, the CPTs should be updated as new data become available, which implies reevaluating the performance of K * C and improving the empirical basis for assessing the reliability of the geophysical methods. Also, as written in section 'Predicting contamination in the Oltrepò Pavese plain' the probability of contamination from the results of geophysical surveys could, in future, be estimated more objectively.
What is more, the ID allows for calculating the expected utility of each decision, the implication being that the decision with the highest expected utility should be considered the best one. It is a known fact, though, that the decisions of real decision makers may not maximize expected utilities (see, for instance, MacLean and Ziemba 2013, part 1). In addition, of course, there may be decision factors and processes not included in the ID or even difficult to represent using the ID paradigm. The ID described in this report, however, was conceived for being a customizable and expandable decision aid and not a definitive and comprehensive tool.
A model such as that discussed in this report could be developed and used by hydrogeology professionals, but also offered as a tool for public sector organizations involved in the management of groundwater resources. Especially in the second case, the usability of the model needs to be evaluated (this is, actually, the next step of the research described in this report). The following questions, in particular, should be answered:
-Which and how many users would use the model? -What are the reasons, for a potential user, not to use the proposed model? -How are the calculated probabilities, utilities and VOI values interpreted and used? -How are the optimal decisions identified by the model interpreted and used? -Does the model need to be equipped with a user interface?
What interface would be best? -How to evaluate the usefulness of the model? -Does the model need to be modified in order to improve its usefulness? How?
Answering these questions will likely involve a multidisciplinary approach, which is often necessary for improving the management of natural risks.
